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Field  experiments  and  simulation  models  are  useful  tools  for understanding  crop  yield  gaps,  but scaling
up  these  approaches  to  understand  entire  regions  over  time  has remained  a considerable  challenge.
Satellite  data  have  repeatedly  been  shown  to  provide  information  that,  by themselves  or in combination
with  other  data  and  models,  can  accurately  measure  crop  yields  in  farmers’  ﬁelds.  The  resulting  yield
maps  provide  a  unique  opportunity  to  overcome  both  spatial  and  temporal  scaling  challenges  and  thus
improve  understanding  of  crop  yield  gaps.  This  review  discusses  the  use  of  remote  sensing  to  measureIS
gronomy
the  magnitude  and  causes  of  yield  gaps.  Examples  from  previous  work  demonstrate  the  utility  of  remote
sensing,  but  many  areas  of  possible  application  remain  unexplored.  Two  simple  yet  useful  approaches
are  presented  that measure  the  persistence  of  yield  differences  between  ﬁelds,  which  in combination
with  maps  of average  yields  can  be used  to direct  further  study  of speciﬁc  factors.  Whereas  the  use  of
remote  sensing  may  have  historically  been  restricted  by  the  cost  and  availability  of  ﬁne  resolution  data,
this  impediment  is  rapidly  receding.. Introduction
Two goals underlie most discussions of crop yield gaps (Van
ttersum et al., 2013). The ﬁrst is to measure the size of the yield gap,
eﬁned as the difference between yield potential (Yp) and average
ields, in order to identify the potential scope for raising average
ields via management changes. The second is to identify the key
auses of the yield gap, in order to prioritize efforts in extension,
esearch, and policy to raise land and labor productivity.
A fundamental challenge in pursuit of either of these goals is
he considerable spatial and temporal heterogeneity of agricul-
ural landscapes. In the measurement of yield gaps, for example,
ctual yields are often reported for administrative units that span
undreds or thousands of ﬁelds. Yield potential, meanwhile, is most
eadily estimated for individual ﬁelds, using either agronomic tri-
ls or well-tested crop simulation models (Lobell et al., 2009). How
hould the measurements at these two different spatial scales be
ompared when computing a yield gap? Some studies ignore the
cale mismatch, implicitly assuming that point-level estimates of
p are a good proxy for average Yp across the spatial domain of
he reported average yield. Other studies attempt to estimate Yp
t multiple points within the domain and then take an average, a
ensible approach provided that data of sufﬁcient quality exist to
stimate Yp at multiple points.
Similarly, studies to understand causes of the yield gap
ay reasonably start by evaluating yield responses to different
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management changes in an experimental station, or on farmers’
ﬁelds. However, the ﬁelds analyzed may  not be representative of
the entire region, or the year(s) in which the study was done may
not be representative of the full range of conditions that farmers
face.
Agronomists have long appreciated the challenge of generaliz-
ing results from a small handful of sites and years to the broader
scales relevant to regional measures of performance. Over the
past two  decades, remote sensing has emerged as a useful tool
for dealing with heterogeneity, to complement more traditional
approaches such as ﬁeld trials or simulation models. In particu-
lar, remote sensing from airplane- or satellite-mounted sensors can
potentially provide observations for every single ﬁeld in a region
for every single growing season. Although remote sensing-based
estimates of quantities such as crop yield are often less accurate
than ﬁeld-based measures, the unprecedented spatial and tempo-
ral coverage of remote sensing can often outweigh the negatives
for many applications.
The  goal of this paper is to speciﬁcally address the potential
value of satellite-based remote sensing for efforts to measure and
explain crop yield gaps. The premise of the paper is that as efforts to
understand yield gaps intensify, new approaches that can comple-
ment the traditional toolbox of agronomists have great potential
value, and remote sensing may  be one such tool.
The promise of satellite data is enhanced by at least two
Open access under CC BY-NC-ND license.recent developments. One is the decision in 2008 by the United
States Geological Survey to make the entire archive of Land-
sat data available at no charge (http://landsat.usgs.gov/products
data at no charge.php).  This change, coupled with improvements
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 m × 5 m resolution image of (left) Xinjiang, China, (middle) Kings County, United
oarser resolutions of some other common sensors: ASTER (15 m,  second row), Lan
n preprocessing algorithms to geographically register the images,
ave vastly reduced the expense and time required to obtain images
t relatively ﬁne spatial resolution (30 m × 30 m)  for the period of
982 to present. This resolution is sufﬁcient to delineate individual
elds that are roughly 1 ha in size or greater, which includes many
egions of the world (see Fig. 1). Second, new commercial systems
re delivering even higher spatial resolution (5 m × 5 m or ﬁner) at
osts that are approaching 1 USD$ per km2 (or $0.01 per ha). In the
ext decade, it should be increasingly feasible to obtain multiple
ears of data for regions where ﬁeld sizes have been too small to
istinguish with traditional sensors like Landsat.
The next section brieﬂy summarizes the capabilities and limi-
ations of remote sensing for measuring crop yields. The followingitor individual ﬁelds. The top row displays a 2.5 km × 2.5 km section of a RapidEye
s, and (right) Bahia, Brazil. Lower rows show images resampled to represent the
0 m,  third row), and MODIS (250 m, bottom row).
two  sections discuss examples and potential uses of remote sensing
for the two  main goals of crop yield analysis: measurement and
explanation. Finally, some conclusions and recommendations for
future work are presented.
2.  Remote sensing of crop yield
2.1. ApproachesNumerous approaches exist for estimating crop yields with
remote sensing. Several reviews on this topic are available (Moulin
et al., 1998; Gallego et al., 2010), and so only a brief sum-
mary of approaches is given here. Early efforts relied on simple
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egetation indices (VIs) computed from remote sensing measure-
ents of light at red and near-infrared (NIR) wavelengths. Crop
lants, like all vegetation, are very reﬂective in the NIR and absorp-
ive at red wavelengths, and therefore some combination of the
wo are a good measure of vegetation vigor (Tucker, 1979; Sellers,
987). Measures at these two wavelengths remain the mainstay
f nearly all approaches to crop yield estimation, although other
arts of the spectrum are commonly utilized in more sophisticated
pproaches (e.g., Gitelson et al., 2003).
The simplest approach to estimating crop yields is to estab-
ish empirical relationships between ground-based yield measures
nd VIs measured on a single date or integrated over the grow-
ng season. Early applications with wheat and maize indicated that
ariations in VI can explain over 80% of the observed variation in
rop yields within individual ﬁelds (Tucker et al., 1980; Wiegand
nd Richardson, 1990; Shanahan et al., 2001). However, as with any
urely empirical approach, extrapolation of equations to new loca-
ions or years can be problematic, and for this reason many efforts
ave been made toward more general techniques.
One class of models relies on the light-use efﬁciency approach
ioneered by Monteith (1977), which states that total biomass
roduction is directly proportional to total absorption of photo-
ynthetically active radiation (PAR) over the course of the growing
eason. The ratio of biomass to PAR, known as radiation use efﬁ-
iency (RUE), is relatively constant because plants adjust total leaf
rea, and thus capture of sunlight, in response to other growth con-
traints such as nutrient or temperature stress (Bloom et al., 1985).
umerous studies have conﬁrmed the utility of this concept for
redicting biomass in different crops, although variations in RUE do
ccur in some settings, particularly when plants experience acute
oisture stress (Steinmetz et al., 1990; Sinclair and Muchow, 1999).
Models that rely on the RUE concept to predict yield have at
east four required inputs, as indicated in Eq. (1):
ield =
(
n∑
t=1
PARt · fPARt
)
· RUE · HI (1)
here  the summation indicates a sum over the growing season,
ften using a daily time step, fPARt is the fraction of PAR absorbed
y the crop canopy at time t, and HI is the harvest index, or the
atio of yield to total biomass. The ﬁrst input is PAR throughout the
rowing season, which is typically obtained from local meteoro-
ogical station data or satellite-based estimates. Second, estimates
f fPAR throughout the growing season are required. For remote
ensing-based studies, estimates of fPAR are most often derived
rom established relationships with VIs. However, because remote
ensing data are not available on a daily basis, some interpolation
s needed to estimate daily fPAR.
Three general approaches are used to address the interpolation
ssue. In the case of regularly spaced satellite-based measures, such
s the eight-day composites of fPAR from the Moderate Resolu-
ion Imaging Spectroradiometer (MODIS) (Myneni et al., 2002), the
ime step in Eq. (1) can simply be coarsened to match the satellite
ata. A second approach is to interpolate based on some statistical
unction, such as local linear interpolation or ﬁtting double logistic
urves (Nightingale et al., 2009). These two approaches can also be
ombined, for instance when trying to account for missing or low-
uality data points within an eight-day product (Zhao et al., 2005;
ightingale et al., 2009).
Third, interpolation can be achieved by using a crop model to
imulate the daily evolution of fPAR between available observa-
ions. This can be achieved, for example, by calibrating parameters
f a simple crop growth model until the simulated fPAR values most
losely match the remote sensing estimates (Lobell et al., 2003).
his approach has the beneﬁt of allowing ﬂexibility in the timing
f remote sensing data, and being able to provide estimates evenrch 143 (2013) 56–64
when  only two  or three images are available during the growing
season, as is often the case when using higher resolution imagery.
Another feature is the ability of the crop model to account for effects
of temperatures on crop development rates.
The ﬁnal two  factors in Eq. (1) are estimates of RUE and HI. Both
of these are typically assumed constant, and derived from ﬁeld data
or calibration to reported statistics. In comparison to simple empir-
ical relationships, RUE models can capture variations in yield due
to changes in PAR, and interpolation of fPAR allows more ﬂexibil-
ity in the timing of images relative to crop growth stage (whereas
empirical methods are typically speciﬁc to a narrow range of tim-
ing).
Beyond simple RUE models, many approaches attempt to more
fully integrate crop simulation models with remote sensing data.
For example, Doraiswamy et al. (2004, 2005) adjusted parameters
in a simple climate-based crop model to match MODIS estimates
of leaf area index (LAI) over maize and soybean ﬁelds in the United
States. Several studies have used different sensors, spatial scales,
and crop models (Weiss et al., 2001; Prévot et al., 2003; Launay and
Guerif, 2005; Dente et al., 2008), but all with the same principle
of adjusting crop model parameters on a pixel-by-pixel basis to
match remote sensing estimates of some crop attribute, often LAI.
The simulated yield by the crop model then provides an estimate of
yield for each pixel. (Note the contrast with the use of crop models
only to interpolate fPAR (e.g., Lobell et al., 2003), with yield then
calculated from Eq. (1).)
The use of crop simulation models allows the possibility of
accounting for factors such as acute moisture stress, which can
result in variations in RUE and HI that confound estimates using Eq.
(1). However, this added complexity comes at a cost of requiring
more model inputs, such as soil properties, and greater computa-
tion time.
2.2.  Accuracies and limitations
Overall, there is clear evidence that crop yield estimation is pos-
sible with remote sensing, with good accuracies in some cases. Most
evaluations of remote sensing are at scales broader than individ-
ual ﬁelds, for example by comparing reported yields for counties or
crop reporting districts with the average of remotely sensed yields
over this domain (Doraiswamy et al., 2005; Becker-Reshef et al.,
2010; Lobell et al., 2010). Such comparisons will typically present
overly optimistic views of the ﬁeld-scale accuracies that are most
relevant to yield gap assessments. As an example of the deterio-
ration of accuracy at ﬁner scales, Reeves et al. (2005) used 1 km
MODIS data to estimate wheat yields in North Dakota and Mon-
tana, and found accuracies to within 5% for state level estimates
but much lower accuracies at the county level.
Nonetheless, ﬁeld level accuracies are sometimes quite high,
with root mean square errors of less than 10% for predicting farmer-
reported yields for individual commercial ﬁelds (Clevers, 1997;
Lobell et al., 2005, 2007b). In most situations, non-negligible errors
exist in the farmer-reported data, suggesting that the true accu-
racies of remote sensing data can be even higher. However, the
conditions necessary for accurate yield estimation are not always
met, and many steps in the process of yield estimation introduce
errors. Even at coarse spatial scales, accuracies can be too low to
provide useful results. It is telling, for example, that both the United
States’ and European agencies in charge of forecasting domestic and
international crop production currently use remote sensing only in
a  qualitative fashion (Allen et al., 2002; Baruth et al., 2008).
Sources  of error in yield estimation include potential misclas-
siﬁcation of which crops are growing in which pixels, errors in
estimating fPAR with reﬂectance data, difﬁculties in interpolat-
ing values between available observations, imperfect relationships
between measures such as fPAR and ﬁnal biomass, and difﬁculties
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n predicting variations in HI. The ﬁrst of these issues, misclassi-
cation of crop type, is particularly problematic in regions that
row multiple crops with very similar phenologies, or in regions
ith intercropped ﬁelds. In the former case, crops can sometimes
e distinguished based on spectral differences, but accuracies are
enerally low relative to cases that separate crops based on clearly
istinct phenologies (Thenkabail, 2001). In the latter case, such as
ixed-cropping systems found throughout Africa, both crop type
nd yield estimation are extremely difﬁcult and to the author’s
nowledge there are no good examples of reliable yield estimates
n these situations.
Other  sources of error reﬂect the difﬁculty of predicting aspects
f crop growth which are not related to absorption of PAR, such
s RUE and HI. Recent studies have indicated that remote sensing
ased indicators of chlorophyll content are related to RUE, and
hus incorporation of wavelengths associated with chlorophyll
an improve estimates of instantaneous carbon uptake (Peng and
itelson, 2011). However, these approaches have not yet been
emonstrated to improve yield estimates. Harvest index variations
re particularly hard to predict from remote sensing, and the main
pproach remains either assuming a constant HI or using crop mod-
ls that predict changes in HI. Although irrigated cereal crops tend
o have stable HI, rainfed and non-cereal crops can exhibit very low
alues of HI when exposed to stress (Hay, 1995). For example, past
fforts by the author to estimate safﬂower yields were hampered
y large variations in HI.
Further  sources of error stem from inherent tradeoffs between
cquiring data with sufﬁciently high spatial resolution to delineate
ndividual ﬁelds, and data with sufﬁciently high temporal resolu-
ion to obtain multiple cloud-free observations during the growing
eason. Historically, Landsat (or similar sensors such as SPOT) has
een the main source of data with sufﬁcient spatial resolution in
ost agricultural areas, but with a 16-day gap between successive
mages, and frequent cloud cover in most cropping regions (with
he exception of dry, irrigated areas), it can be difﬁcult to obtain
ore than one or two clear images within a growing season. The
ain source of ﬁne temporal resolution data has been MODIS, but
ith 250 m spatial resolution it is extremely difﬁcult to identify
ndividual ﬁelds in most regions (Fig. 1). The tradeoff between spa-
ial and temporal resolution is most extreme in regions with small
eld sizes, for which even Landsat cannot resolve individual ﬁelds.
Moving forward, the lower cost and increased number of ﬁne
patial resolution sensors should help to partly mitigate the inher-
nt tradeoff between spatial and temporal resolution. Another
romising development has been recent progress in data fusion
ethods that combine observations from different sensors. One
pproach, termed the spatial and temporal adaptive reﬂectance
usion model (STARFM) uses a pair of ﬁne and coarse resolution
mages (e.g., Landsat and MODIS) acquired on the same day, along
ith coarse images acquired on other dates, to generate high tem-
oral resolution data at the ﬁner spatial scale (Gao et al., 2006).
n important step in this approach is to identify, for each pixel,
pectrally similar pixels within a neighborhood, which are then
ssumed to change similarly over time. An enhanced STARFM
ESTARFM) was also introduced recently (Zhu et al., 2010), which
elies on a pair of ﬁne resolution images to deﬁne similarity. A
hird approach to fusing ﬁne and coarse resolution images was
ntroduced by Zurita-Milla et al. (2009), which relies on modeling
ach pixel’s reﬂectance as the linear sum of reﬂectance from indi-
idual land cover types within the pixel. The critical assumptions
n this method are that a reliable map  of land cover types at ﬁne
esolution can be obtained and that all pixels of the same land cover
ype behave identically within a window around the central pixel.
These approaches have been tested in a few cases with promis-
ng results (Gao et al., 2006; Hilker et al., 2009), but have yet to be
igorously evaluated in agricultural settings. All three approachesrch 143 (2013) 56–64 59
assume  that nearby pixels that appear similar at a single date
behave similarly thereafter. This assumption is problematic in agri-
cultural settings, where for example ﬁelds are sown at different
times and therefore may  appear similar at one date but very dif-
ferent in another. Nonetheless, data fusion methods are likely
to improve over the next few years, and offer opportunities for
improving yield estimation at ﬁeld scales.
3. Measurement of yield gaps
Yield gap estimation requires two quantities: Yp and actual
yields. Given that remote sensing can only assess actual yields,
additional information or assumptions about Yp are required to
estimate yield gaps. One simple approach would be to pair indepen-
dent estimates of Yp (for example based on methods used in various
papers in this special issue) with remote sensing-based estimates
of actual yields for the corresponding sites and locations. No exam-
ples of this exist, to the author’s knowledge, presumably because
average yields are already known in cases where Yp estimates are
available.
An alternative is to use the maximum yield within the remote
sensing estimates as a proxy for Yp, which assumes that some farm-
ers in a given year achieve Yp. This assumption has been tested in
some cases (Lobell et al., 2009), but in general is made without inde-
pendent data to test its validity (if such data existed, the assumption
would not be necessary). Early examples of this approach include
a study of various crops in Pakistan using 1.1 km AVHRR data
(Bastiaanssen and Ali, 2003), and a study of wheat in Mexico using
Landsat (Lobell et al., 2002). In both cases, the authors did not use
the single maximum value of yields in the region, but instead deﬁne
the gap using a high (e.g., 95th) percentile of the yield distribution.
In both cases, it was  also assumed that a single value of Yp was
applicable to the entire study region. This assumption is likely a
good approximation for relatively small study regions, but other-
wise could introduce signiﬁcant errors into the analysis. There is no
inherent reason, however, why  a single value of Yp must be used
for the entire study region. For example, one could compute Yp
for each pixel based on the maximum or 95th percentile of yield
observed in a small surrounding region (e.g., a 5 km2 area centered
on the pixel).
Such  an approach, though, would still rely on the assump-
tion that the highest yielding ﬁelds are approaching Yp. A hybrid
approach could use independent estimates of Yp for speciﬁc points
within the study region, obtained for instance using crop simulation
models. The remote sensing estimates of Yp, obtained by the mov-
ing window approach described above, could then be compared to
these point estimates and a regression equation deﬁned to adjust
remote sensing estimates to match the point estimates. Thus, one
could leverage the ability of remote sensing to detect spatial gradi-
ents in Yp without relying exclusively on the assumption that some
farmers achieve yields close to Yp.
In general, very little effort has been devoted to using remote
sensing to measure the magnitude of yield gaps. There are some
reasons to believe satellite data can complement point-level esti-
mates of Yp from other methods, or even in some cases circumvent
the need for other methods altogether. However, much more work
is needed to establish the true utility of remote sensing in this
application.
4. Analysis of yield gap causesMuch more common than work focused explicitly on the size
of yield gaps has been satellite based studies of spatial variation in
observed yields. A substantial amount of work has been devoted
to mapping and interpreting yield variations within a single ﬁeld
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n order to inform precision agriculture applications (Yang et al.,
001; Zarco-Tejada et al., 2005). Of more relevance here, however,
re studies that span a large number of ﬁelds within a region.
Work  to understand causes of spatial yield variations has an
bvious but potentially limited relevance to the question of what
auses yield gaps. In particular, if all ﬁelds in a region are well below
p, then explaining variations between the ﬁelds will not necessar-
ly help to explain how to raise average yields close to Yp. In such
ases, however, it is very likely that at least the main proximate
auses of the yield gap are already known, such as the case of insuf-
cient fertilizer inputs and soil fertility throughout much of Africa.
n these instances it is also likely that variations between ﬁelds will
e dominated by the same constraint that is so binding to overall
roductivity (Tittonell et al., 2008).
In general, two types of approaches have characterized stud-
es of landscape yield heterogeneity. First, maps of yields derived
rom remote sensing can be compared to ancillary datasets on
actors thought to control yields, such as soil properties or man-
gement practices. Statistical analyses can then be used to evaluate
he relative importance of each factor in driving observed yield
ariations. An important step in such studies is accounting for spa-
ial correlation of model errors: given the high spatial density of
emote sensing measurements, it is relatively easy to underesti-
ate standard errors if spatial correlation is ignored.
A  series of studies conducted in the Yaqui Valley by the author
nd colleagues provide several examples of this approach, with
omparisons of satellite-derived yield data to management surveys
Lobell et al., 2005), sowing date and weed maps (Ortiz-Monasterio
nd Lobell, 2007), and datasets on irrigation deliveries (Lobell and
rtiz-Monasterio, 2008). Studies in other regions include effects of
osition along irrigation canals for rice in Mali (Zwart and Leclert,
010), effects of distance to main irrigation canals and roads on
heat yields in Punjab, India (Lobell et al., 2010), and effects of soil
odicity on wheat yields in Mexicali, Mexico (Seifert et al., 2011).
In all of the above cases, statistically signiﬁcant yield effects of
he variables in question were detected. Moreover, because of the
arge sample sizes afforded by remote sensing, it is possible to iden-
ify important interactions, nonlinearities, or thresholds that are
ot uncovered with traditional linear regression techniques applied
o smaller datasets. For example, Seifert et al. (2011) detected a
ield decline beginning at values of soil exchangeable sodium per-
entage (ESP) values of 6, whereas the common deﬁnition of sodic
oils is for ESP above 15.
A  second approach to studying yield gaps with remote sensing
elies exclusively on spatial and temporal patterns in the yield maps
hemselves. Although these approaches cannot provide insight
nto speciﬁc yield controls, and are thus not sufﬁcient by them-
elves, they provide a relatively rapid assessment of what types of
actors deserve further scrutiny. That is, different spatial and tem-
oral patterns in the data will suggest different types of potential
ield controls. For example, if farmer characteristics like technical
nowledge or access to credit can explain much of the yield vari-
tion, then one would expect to see yields consistently high year
fter year in ﬁelds where farmers have the favorable traits. Simi-
arly, if soil quality and degradation present major obstacles to yield
mprovement, and these soil properties are not themselves driven
y management (Tittonell et al., 2008), one might expect to see
ield patterns that reﬂect relatively smooth variation of soil prop-
rties, as opposed to the abrupt transitions in management across
eld boundaries (Lobell and Ortiz-Monasterio, 2006). In contrast,
f the yield responses to management or soil properties depend
trongly on weather conditions, one would expect a more variable
patial pattern of yields from year to year.
One simple way to gain insight into yield gap causes is to
xamine the spatial distribution of average yields, with the aver-
ge calculated over varying lengths of time. In general, averagesrch 143 (2013) 56–64
calculated  over longer periods of time will show less spatial vari-
ation than averages over shorter periods, since factors that are
idiosyncratic will tend to cancel out across years. An example in
Fig. 2 for wheat yields in the Yaqui Valley, Mexico illustrates this
effect. For a single year, a relatively wide (and asymmetric) distri-
bution of yields is observed with many locations (i.e., 30 m × 30 m
pixels) achieving both comparatively high (e.g., 20% above average)
and low (e.g., 20% below average) yields. The average yields over
eight seasons (shown only for ﬁelds that had wheat in at least ﬁve
of these seasons), displays a much narrower distribution, with vir-
tually no locations achieving 20% above the regional average and
much fewer laggards at 20% below average.
This visual impression can be formalized by extracting some key
statistics of the yield distribution, such as the difference between
the maximum yields (or 95th percentile) and average yields. We  can
refer to this quantity as YGML, where YGM refers to yield gap rel-
ative to maximum yields and the subscript L references the length
of the record (in # of seasons) used to compute the average yields
for each pixel. Values of YGML for L varying from one to the length
of the record can then be plotted on a “yield gap curve,” as out-
lined Fig. 3. The steepness of this curve then provides insight into
how persistent spatial yield differences are throughout the study
period, and thus how important persistent factors like soil quality
or farmer skill are in explaining the overall yield gap.
Fig.  4 presents yield gap curves computed for three different
regions where at least six seasons of wheat yield estimates have
been generated based on Landsat (data taken from Lobell et al.,
2007a, 2010). For reference, each plot also includes a gray line indi-
cating the shape of the curve expected if one randomly scrambles
yields across space for each image. This gray line thus represents
the null distribution if yield patterns were entirely inconsistent (i.e.,
random) from year to year, and the distance between the two lines
provides an indication of the overall persistence in spatial yield
patterns.
Evident in Fig. 4 are important differences between the three
locations, with the Yaqui Valley possessing the steepest curve that
closely resembles the null curve. Sangrur, India shows a shallower
curve and Bhatinda, India is shallower still. By themselves, these
curves suggest that there are very few persistent factors explaining
the yield gap in Yaqui Valley, in contrast to the Indian sites where
at least some persistence is evident.
These impressions are supported by more detailed analyses in
each region. In Yaqui Valley, farmers are relatively advanced in their
understanding of crop management and have fairly reliable access
to irrigation and chemical inputs. Comparisons with ﬁeld surveys
in two  years indicated that different management factors become
important in different years, namely timing of irrigation in one year
and amount of fertilizer inputs in another (Lobell et al., 2005). Of
course, a lack of persistence in yield patterns does not suggest that
farmer skill or access is not important, but that variations in these
factors are not sufﬁcient to explain yield differences, presumably
because of uniformly high levels of famer skill and access.
In  Sangrur, India, comparisons with ancillary datasets on
irrigation indicate that farmers at the tail end of irrigation canals
have consistently lower yields (Lobell et al., 2010). Although there
are several possible explanations for this trend, the most likely is
less reliable access to surface water. A similar explanation applies to
Bhatinda, except the magnitude of this effect is greater because that
district is much more reliant on surface canals relative to ground-
water than Sangrur (Lobell et al., 2010). Moreover, a substantial
fraction of land in southwestern Bhatinda is routinely planted
late because of cotton cultivation in the summer that delays the
wheat season. Thus, persistent variations in both sowing date and
position along irrigation canals contribute to the shallower slope
of the yield gap curve in Bhatinda compared to the other two
cases.
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Fig. 2. The effect of multi-year averaging on spatial yield patterns in part of the Yaqui Valley, Mexico. (a) Map  and (b) histogram of Landsat-based yield estimates for wheat
for the 2007–2008 growing season. Values are expressed as a percentage of the mean yield estimate for the entire region (mean yield = 100). (c) Map  and (d) histogram of
the  average yield estimates for eight growing seasons between 1999 and 2008, for the same locations. Only ﬁelds with wheat in at least ﬁve growing seasons are included.
The distribution of yields tends to narrow as one averages yields over longer time periods, because some of the factors driving spatial differences in any single year are not
persistent.
Fig. 3. Summary of procedure to compute yield gap proﬁles. Images from multiple years are averaged to create maps of average yields for varying periods of time. The maps
are  then used to compute the difference between maximum and average yielding ﬁelds, and this difference is plotted versus the number of years used in the average.
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Fig. 4. Yield gap proﬁles for wheat in different regions. (a) Yaqui Valley District, Mexico, (b) Sangrur District, India, (c) Bhatinda District, India. Each point shows the difference
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ﬁetween maximum yield and average yield within the district, where yields are ca
ersistence in spatial patterns. The gray line represents the expected change in yield
andomly  re-ordering the spatial distribution of yields in each year).
The yield gap curves in Fig. 4 are just one way to summarize the
ersistence of yield differences. Another simple summary is shown
n Fig. 5, which splits ﬁelds into 10 groups according to the yield
eciles (0–10%, 10–20%, etc.) for the most recent yield image. The
gure summarizes the yield distribution for each of these groups
cross all years except the year used to deﬁne the groups. The boxes
how the interquartile range of the data (25th and 75th percentile),
he horizontal line indicates the median, and the whiskers show
he 10th and 90th percentiles of the data. The signiﬁcant overlap
etween the distributions indicates again the lack of strong persis-
ence in yield patterns; ﬁelds with very different yields in a single
ear have relatively similar yield distributions in other years. The
egree of overlap is greatest in the case of the Yaqui Valley, which
imilar to Fig. 4 indicates the least persistence in this region rela-
ive to the Indian sites. At the same time, all three sites exhibit a
ositive slope in Fig. 5, which indicates a tendency for high yielding
elds to remain in the high yielding category, and for ﬁelds in the
owest decile of yields to remain relatively low yielding.
An  important issue when analyzing spatial yield distributions
s setting the extent of the analysis. In the above examples, the
oundaries of the crop districts were used to deﬁne the extent. If
he extent had been larger, such as an analysis for the entire state,
he amount of persistent yield differences would likely increase as
oil, climate, and management conditions at opposite ends of the
ig. 5. A summary of wheat yield persistence in (a) Yaqui Valley District, Mexico, (b) Sangr
0  groups of ﬁelds, where the groups are deﬁne by the yield deciles in a single year (in thi
ields on these ﬁelds from seven years prior to the year used to deﬁne the groups. Distrib
box), and 10th and 90th percentiles (whiskers). The signiﬁcant overlap between the dis
ot  from one year to the next (i.e., a lack of strong persistence). However, the positive tre
elds in one year more likely than average to be high (low) in other years.ed as the average over 1–6 years. Differences diminish in time because of a lack of
ith increasing years if yield patterns were entirely random in space (computed by
extent would likely grow. For yield gap analysis, it seems preferable
to keep the extent small enough such that variations in climate, and
thus yield potential, across the domain are small, but large enough
such that a large number of ﬁelds are included in the sample. How-
ever, the sensitivity of results to choosing different spatial extents
has not been considered in past studies, and is a topic worthy of
more research.
The  data required to assemble Figs. 4 and 5 are substantial:
six years of Landsat data, with 2–3 images per year for each ﬁg-
ure panel. However, the methods to process such data, including
radiometric and geometric correction of the remote sensing data
and incorporation of temperature and radiation data to estimate
yields, can be increasingly automated. In practice, the main obsta-
cle is typically performing image classiﬁcations for each season to
identify which pixels are sown to the crop of interest – a task that
can be made difﬁcult if multiple crops with similar phenologies are
grown in the same region.
The two  approaches for analyzing yield gap causes with remote
sensing – those with and without explicit use of ancillary datasets
– can obviously be used as complements to each other. In a region
where multiple seasons of cloud-free images are available, a useful
starting point is to construct yield gap curves (e.g., Fig. 4) to identify
the persistence of yield-limiting factors. If persistence is found to
occur, the maps of average yields over 5 or more years can be used to
ur District, India, (c) Bhatinda District, India. Each plot shows yield distributions for
s case, the last year of the study period). The yield distributions are calculated from
utions are represented by the median (horizontal line), 25th and 75th percentiles
tributions indicates that the relative ranking of yields across ﬁelds tends to vary a
nd in all three regions indicates some level of persistence, with high (low) yielding
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enerate hypotheses about the speciﬁc causes of yield variation and
he types of ancillary datasets that warrant effort to obtain. Maps
f persistent yield differences can also be used to target ground
fforts at management or soil data collection. Conversely, in regions
here fewer years of imagery are currently available, or where
ncillary datasets are already in possession, then detailed analyses
f an individual year or two would be a useful starting point. Sub-
equent studies of multiple years can then be used to test whether
he factors identiﬁed in the single year are persistent.
. Conclusions
To date, satellite data have played a relatively small role in
nderstanding the magnitude and causes of yield gaps in most
egions. However, the few examples that exist indicate that remote
ensing can help to overcome some of the inherent spatial and
emporal scaling issues associated with ﬁeld-based approaches.
lthough the cost or availability of satellite data with sufﬁcient spa-
ial resolution to discriminate agricultural ﬁelds was an obstacle in
he past, this barrier is rapidly diminishing. Improved algorithms
o pre-process remote sensing data and estimate yields, and the
ncreased availability of new, large geospatial datasets on soils,
anagement, and weather should also beneﬁt future efforts in this
rea.
Thus, remote sensing is poised to become a regular tool in the
nalyst’s toolbox for assessing the magnitude and causes of yield
aps. The scope for applications in the near-future will likely be
imited to regions without extensive intercropping within ﬁelds,
iven difﬁculties of assessing yields with remote sensing in mixed-
ropping systems. Important directions for future work include
urther development and testing of algorithms to estimate yields
particularly for rainfed and non-cereal crops), and comparison and
ntegration of remote sensing with studies of yield gaps based on
imulation and experimental approaches. As described throughout
his special issue, improved knowledge of yield gaps will play a
ritical role in meeting future crop demands at affordable prices
nd with minimal environmental impacts. The use of satellite data
an accelerate the pace of discovery, and as such it represents an
mportant area for future work.
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